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Trg Dositeja Obradovića 3, 21000 Novi Sad, Serbia; aleksova_bojana@yahoo.com

3 Department of Geography, Faculty of Philosophy, University of Montenegro, Danila Bojovića bb,
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Abstract: Soil erosion and wildfires are frequent natural disasters that threaten the en-
vironment. Identifying and zoning susceptible areas are crucial for the implementation
of preventive measures. The Šar Mountains are a national park with rich biodiversity
and various climate zones. Therefore, in addition to protecting the local population from
natural disasters, special attention must be given to preserving plant and animal species
and their habitats. The first step in this study involved collecting and organizing the data.
The second step applied geographic information systems (GIS) and remote sensing (RS) to
evaluate the intensity of erosion using the erosion potential model (EPM) and the wildfire
susceptibility index (WSI). The EPM involved the analysis of four thematic maps, and a
new index for wildfires was developed, incorporating nine natural and anthropogenic
factors. This study introduces a novel approach by integrating the newly developed WSI
with the EPM, offering a comprehensive framework for assessing dual natural hazards in a
single region using advanced geospatial tools. The third step involved obtaining synthetic
maps and comparing the final results with satellite images and field research. For the Šar
Mountains (Serbia), high and very high susceptibility to wildfires was identified in 21.3%
of the total area. Regarding soil erosion intensity, about 8.2% of the area is affected by
intensive erosion, while excessive erosion is present in 2.2% of the study area. The syn-
thetic hazard maps provide valuable insights into the dynamics of the erosive process and
areas susceptible to wildfires. The final results can be useful for decision-makers, spatial
planners, and emergency management services in implementing anti-erosion measures
and improving forest management in the study area.

Keywords: forest management; natural hazards; forest monitoring; forest fires; remote
sensing; forest ecology; environment; erosion potential model (EPM); wildfire susceptibility
index (WSI); climate change

1. Introduction
Global population growth, climate change, deforestation, and other natural and an-

thropogenic processes pose significant challenges for the modern world. As these processes
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intensify, various types of natural hazards occur more frequently and intensively [1,2]. Soil
erosion and wildfires are among many countries’ most common natural disasters [3,4].

Soil plays a fundamental role in Earth’s critical zone [5], providing essential services
such as supporting agricultural productivity, preserving biodiversity, and maintaining
environmental quality—key contributors to achieving the United Nations Sustainable
Development Goals (SDGs) [6]. Among various forms of land degradation, soil erosion
is the most widespread [7]. This process can lead to significant consequences, including
property damage, livelihood loss, diminished ecosystem services, and social and economic
disruptions [8]. Recognized as a global issue [9], soil erosion poses a serious threat to
agriculture and environmental sustainability worldwide [10]. The reduction in arable land
due to soil erosion has raised concerns about the long-term sustainability of agriculture [11],
with studies indicating a global decline in crop yields of about 0.4% annually [12].

Soil erosion also significantly impacts ecosystems, including the global carbon
cycle [13], and is exacerbated by climate change through variations in rainfall, wind,
and temperature patterns [14]. Wildfires, in particular, intensify soil erosion by removing
vegetative cover and altering soil structure, thereby increasing runoff and sediment loss.
Global warming has intensified soil erosion, particularly in semiarid regions, emphasiz-
ing the need for effective solutions [15]. Addressing soil erosion requires monitoring its
processes, forms, and parameters across spatial and temporal scales, as changes in these
factors influence erosion patterns and intensity [16,17].

Over the past few decades, various models have been developed to assess soil erosion
intensity, with a steady increase in related research [9]. In this study, the erosion process’s
intensity was calculated using the erosion potential model (EPM), also known as the
Gavrilović method [18]. Validation studies have demonstrated the EPM’s high reliability
and applicability in estimating soil erosion intensity [19,20].

Advancements in Earth observation technology and GIS tools have addressed many
of the model’s limitations, reducing subjectivity and enabling global applications [20–22].
These improvements have facilitated automated geospatial assessments, soil loss map-
ping, and predictions of erosion intensity under climate change scenarios [23–25]. Mod-
ifications to the original methodology have also expanded its applicability to diverse
geographic conditions [26].

The effective conservation of natural values—such as biodiversity, geodiversity, and
landscape diversity—requires a comprehensive assessment that includes evaluating the
current in situ condition of these resources [27]. This is especially important considering that
protected natural areas in Serbia are sensitive to various types of natural hazards [28–32].
This protection process becomes even more complex when areas with natural values are
situated in border regions. The borders of Serbia are ecologically diverse, with some of the
country’s most sensitive biocenoses located in these areas [27]. This is particularly true for
the Šar Mountains National Park. As the current state of protected areas in Serbia is well
below the quantitative standards recommended by the EU, this study focuses on an area
significantly larger than the current area of the Šar Mountains National Park. This area is
one step closer to the realization of the “30 × 30” actions for a sustainable Europe (30% of
the country’s area to be protected by 2030). In this context, this study aims to assess fire and
soil erosion hazard zones in the Šar Mountains. Wildfires, which are a subset of forest fires
occurring in wildland areas, including forests, grasslands, and shrublands, cause significant
ecological impacts, including soil erosion, changes in hydrology, increased greenhouse gas
emissions, and contributions to global warming [33]. These effects destabilize ecosystems
and threaten vital resources for human well-being [34].

Mapping wildfire vulnerability zones is essential for addressing the challenges posed
by wildfires and developing effective management strategies. They pose significant ecolog-
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ical and socio-economic challenges, affecting forest composition and structure and creat-
ing environmental hazards with impacts on the atmosphere, infrastructure, and human
well-being [35,36]. The interplay between wildfires and soil erosion amplifies these impacts,
as a fire-induced loss of vegetation cover exacerbates erosion rates, further degrading
landscapes and ecosystem services.

Geographic technologies like GIS are vital for wildfire detection and creating vul-
nerability maps, which provide crucial insights for evaluating wildfire conditions and
supporting decision-making. However, simulating wildfire behavior using field data can
be complex, which is why GIS models, maps, and databases are used for analysis [37].
Multi-criterion analysis methods, such as the analytic hierarchy process, supported by
GIS tools, are widely used to assess fire risk by incorporating factors such as topography,
climate, vegetation, and human impact [38].

Identifying the factors that contribute to fire-prone environments and understanding
fire behavior are key to developing effective wildfire management plans [39].

The Mediterranean region has traditionally been the most vulnerable to wildfires in
Europe [40], but recently, Central Europe has also seen an increase in fire activity [41].
Among European nations, Serbia has experienced a notable rise in fire incidents over the
past two decades [42]. Forests cover approximately 27.200 km2, or more than 31%, of
the country’s surface area [43]. During the observed period from 1990 to 2005, approxi-
mately 43.000 hectares of forest and forest land were destroyed due to the consequences
of wildfires [30].

Significant changes in fire risk across Europe are projected for the transitional zone
between the Mediterranean and Euro-Siberian regions [44], where the Balkan Peninsula
is located. In this region, dominant oak and beech forests may be replaced by fire-prone
evergreen Mediterranean vegetation [45], potentially exacerbating the risk of wildfires due
to changes in vegetation type. Lukić et al. [3] noted an increase in the number of forest fires
in Serbia between 2000 and 2012; however, the trend was not statistically significant.

This study aims to assess the fire vulnerability zones in the Šar Mountains using a
GIS-based wildfire susceptibility index (WSI) methodology. Other approaches, including
the analytic hierarchy process, logistic regression, and machine learning techniques such
as random forest, have been widely used in wildfire risk assessments [46]. Numerous
studies conducted globally have sought to identify fire-prone areas and evaluate wildfire
risk, utilizing various methodologies. Among the approaches applied are the index-based
method and AHP, each contributing valuable insights to the modeling of wildfire vul-
nerability [47,48]. The findings will inform the development of early warning systems,
resource distribution, and fire management strategies to support sustainable land use and
conservation efforts [49].

It is significant to note that the data and software utilized for wildfire vulnerability
mapping, such as QGIS, are entirely open-source, making them widely accessible for
research and practical applications [50,51]. Although historical records of wildfires and
corresponding meteorological data are generally essential for a comprehensive assessment
of wildfire risk, research emphasizes that effective wildfire vulnerability mapping can be
conducted even in the absence of such specific datasets [52].

This investigation represents a significant advancement by integrating the EPM with a
newly developed WSI within a GIS-RS framework to concurrently evaluate soil erosion
and wildfire risks in the Šar Mountains—an area hitherto unexamined for these combined
hazards—offering a comprehensive dual-hazard assessment applicable to data-limited
regions. This approach uniquely links wildfire-induced erosion processes with soil vulnera-
bility, providing a holistic understanding of their interconnected dynamics. Key objectives
include (1) delineating areas of intensive and excessive soil erosion with emphasis on
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fire-affected zones; (2) formulating a new wildfire modeling methodology and zoning
high-risk areas; (3) proposing protective measures for soil erosion and wildfires within the
national park that account for their mutual reinforcement; and (4) quantifying correlations
among influencing factors, including the role of wildfires as a driver of erosion.

These outcomes enhance the sustainable management of the protected area, support-
ing the adoption of protective measures that benefit decision-makers, local communities,
and emergency management services. The primary contributions of this research lie in
developing an integrated dual-hazard framework and delivering synthetic hazard maps
that provide geospatial insights for the targeted mitigation of soil erosion and wildfire risks.

2. Materials and Methods
2.1. Study Area

The Šar Mountains (Šara) represent one of the largest mountain systems in Serbia.
They are located in the far south of Serbia and partly includes the territory of North
Macedonia [53]. The Šar Mountains were declared a national park in 1993 with an area
of 228 km2, while the permanent borders are planned to cover an area of 974 km2 [54].
There are 77 settlements within the study area. The highest peak in Serbia, Velika Rudoka,
lies in the Šara at 2660 m (Figure 1). The status of a national park was obtained due to its
specific geographical features and rich biodiversity. Numerous landforms, such as glacial,
periglacial, and high mountain vegetation, are represented. During the Pleistocene, the
Šar Mountains had a snow line (2000 m), above which glaciers and glacial valleys formed.
The Šar Mountains are one of the richest mountain systems in terms of water on the
Balkan Peninsula.

Forests 2025, 16, 484 4 of 27 
 

 

hazards—offering a comprehensive dual-hazard assessment applicable to data-limited re-
gions. This approach uniquely links wildfire-induced erosion processes with soil vulner-
ability, providing a holistic understanding of their interconnected dynamics. Key objec-
tives include (1) delineating areas of intensive and excessive soil erosion with emphasis 
on fire-affected zones; (2) formulating a new wildfire modeling methodology and zoning 
high-risk areas; (3) proposing protective measures for soil erosion and wildfires within 
the national park that account for their mutual reinforcement; and (4) quantifying corre-
lations among influencing factors, including the role of wildfires as a driver of erosion. 

These outcomes enhance the sustainable management of the protected area, support-
ing the adoption of protective measures that benefit decision-makers, local communities, 
and emergency management services. The primary contributions of this research lie in 
developing an integrated dual-hazard framework and delivering synthetic hazard maps 
that provide geospatial insights for the targeted mitigation of soil erosion and wildfire 
risks. 

2. Materials and Methods 
2.1. Study Area 

The Šar Mountains (Šara) represent one of the largest mountain systems in Serbia. 
They are located in the far south of Serbia and partly includes the territory of North Mac-
edonia [53]. The Šar Mountains were declared a national park in 1993 with an area of 228 
km2, while the permanent borders are planned to cover an area of 974 km2 [54]. There are 
77 settlements within the study area. The highest peak in Serbia, Velika Rudoka, lies in 
the Šara at 2660 m (Figure 1). The status of a national park was obtained due to its specific 
geographical features and rich biodiversity. Numerous landforms, such as glacial, peri-
glacial, and high mountain vegetation, are represented. During the Pleistocene, the Šar 
Mountains had a snow line (2000 m), above which glaciers and glacial valleys formed. The 
Šar Mountains are one of the richest mountain systems in terms of water on the Balkan 
Peninsula. 

 

Figure 1. Geographical position of the Šar Mountains. Figure 1. Geographical position of the Šar Mountains.

Climatically, this territory is characterized by three climates: Mediterranean, temperate,
and alpine (Figure 2). The Mediterranean climate is represented in the northern part of the
study area, the edge of the Prizren Basin. Here, summers are very warm, while winters
are mild, often without snow cover. The Mediterranean influence comes from the Adriatic
Sea, from the Bela Drim Valley to Prizren city, which makes this city the warmest in Serbia.
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The temperate climate is represented in the largest part of the Šar Mountains. This territory
has an altitude zone of 600–1700 m. The days are warm during the summer, while the
nights are cool, so there is a large temperature oscillation. The winter is long and cold;
from December to March, there is mainly snow cover. The alpine climate is characteristic
of mountainous areas above 1700 m. In these areas, summers are short and sunny, while
winters are extremely long and cold. Snow generally remains from December to May, while
on the northern slopes, it often remains until August [55]. A great wealth of flora and fauna
has developed at the contact of the three climates.
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Figure 2. Hydro-climatic map of the Šar Mountains.

From the aspect of biodiversity, the study area is home to over 1800 plant species,
many of which are local endemics and tertiary relicts: Achillea alexandriregis, Born-
mullera dieckii, Dianthus scardicus, Crocus scardicus, Verbascum scardicolum, Cerastium
neoscardicum, Potentilla doerfleri, Hieracium scardicolum, Pinus heldreichii, Pinus peuce,
Rhododendron ferrugineum, etc. [56].

The national park is home to about 150 species of butterflies, 45 species of amphibians
and reptiles, 200 species of birds, and 32 species of mammals, making the Šar Mountains
one of Europe’s most important faunal areas [56]. The forest area covers an area of 432 km2,
or 44.3% of the total territory [57].

Natural and anthropogenic factors influence the occurrence of the erosion process,
while humans are responsible for the occurrence of wildfires in most cases (Figure 3) [29,58].
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2.2. Data Sets and Criteria

Lithology: Depending on their granulometric composition, rock types have different
effects on erosion. Sands, gravel, and other loose soil types are most susceptible to strong
erosion. Alluvial soils and compact igneous rocks are exceptionally resistant and, as such,
have the lowest coefficient for estimating erosion intensity [59]. Lithology data were
obtained by digitizing the 1:100,000 basic geological map [60]. After that, the content was
converted into a raster format with a spatial resolution of 12.5 m using QGIS software,
where coefficients were assigned to each of the 16 rock types [50].

Land use: The degree of soil erosion largely depends on the vegetation types. Areas
without vegetation cover (bare areas), arable land, and vineyards represent territories
where the erosion process is significantly more intense, unlike meadows or well-structured
forests that absorb a large amount of water on the surface [4]. From the aspect of wildfires,
the evaluation is generally the opposite. The highest vulnerability coefficient is assigned
to forests and shrub vegetation, while arable land and bare areas have the lowest fire
risk [52]. Land use data were taken from the Environmental Systems Research Institute
geoportal [61]. The classification was based on Sentinel-2 satellite images with a spatial
resolution of 10 m.

Terrain slope: This is the most important geomorphological factor for assessing erosion
intensity. Flat or relatively flat terrains are conducive to preventing the surface layer of soil
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from being eroded [62]. With increasing slope, there is an increase in the erosion power of
plots [63]. The same approach is used when it comes to wildfires. Due to the increase in the
slope of the terrain, grasslands and forest complexes burn faster than flat areas [64]. The
data were obtained by processing a digital elevation model (DEM) with a spatial resolution
of 12.5 m [65].

Bare-soil index (BSI): This is very applicable index for geospatial analyses concerning
natural processes and phenomena [66]. For the purpose of the research, satellite images of
the Sentinel-2 mission from August 2024, with a resolution of 10 m and 0% cloud cover,
were used. The index was obtained using the following formula [67]:

BSI =
(SWIR + RED)− (NIR + BLUE)
(SWIR + RED) + (NIR + BLUE)

, (1)

where SWIR is the shortwave infrared spectral band; RED is the red spectral band; NIR is
the near-infrared spectral band; and BLUE is the blue spectral channel. The highest values
of the index indicate the dominant presence of anthropogenic (settlements, roads) and bare
surfaces, while the lowest values indicate forests [67]. In Figure 4, the GIS models of the
criteria and datasets used for assessing soil erosion are presented.
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Aspect: A morphometric condition that determines the degree of vulnerability to
wildfires. South-facing areas are most susceptible due to a large number of sunshine hours.
In contrast, north-facing areas are the least susceptible to fires due to less insolation, low
temperatures, and higher humidity [68]. The aspect was obtained by reclassifying the DEM
(12.5 m) in QGIS software [65].

Air temperature: Due to the significant difference in altitude within the study area,
there are significant variations in air temperature throughout the year. The average annual
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temperature is −0.07 ◦C in the highest parts of the Šar Mountains, while in the valleys and
lowlands, it is 11.7 ◦C. Increased air temperature increases the risk of fires [69]. However,
this does not mean that fires will not occur during the winter. Due to climate change
and increasing temperatures, in settlements at lower altitudes during the absence of snow
and temperatures around 0 ◦C, fires often occur, the cause of which is anthropogenic
activity [70]. The average air temperature was obtained by linear regression of data from
three meteorological stations, Prizren (402 m), Brezovica (911 m), and Dragaš (1060 m), for
the observed period of 1960–1988 [57]. The spatial resolution of the pixels was 12.5 m.

Precipitation: In the Šar Mountains, precipitation varies from 809 mm (valleys) to
1439 mm on the highest mountain peaks. The chances of fire occurrence are lower in
locations that receive a large amount of precipitation [69]. The average winter precipitation
was obtained by linear regression of data from five meteorological stations, Rečane (580 m),
Štrpce (860 m), Jažince (950 m), Zaplužje (1160 m), and Restelica (1550 m), for the observed
period 1960–1985 [57]. The spatial resolution of these pixels was 12.5 m.

Wind exposure: This one of the most important climatic factors. Windward slopes
are characterized by higher air humidity, while leeward slopes are drier and, therefore,
more susceptible to wildfires [71,72]. Data on wind exposure at a resolution of 12.5 m were
obtained by processing DEM.

Distance from settlements: Since human activities cause the majority of fires, the
distance from settlements is an important criterion for vulnerability analysis. Territories
near settlements are much more vulnerable than inaccessible locations [73]. In the case
study, the distance varies from 0 to 8913 m. The settlement data were first obtained by
digitizing the objects in QGIS from the Google Satellite platform and then converted to
raster format. The pixel resolution was 12.5 m (Figure 5).
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Distance from roads and forest trails: One possible cause of a fire is throwing cigarettes
from a car into the natural environment. Another example is lighting a campfire in the
forest next to paths. The closer a person is to a road or forest path, the greater the chances
of a fire [74]. In the Šar Mountains, the distance varies from 0 to 2609 m. The data were
obtained by digitizing all roads and forest trails using the QGIS software on the Open Street
Map platform [75]. The vector content was converted to a raster with a resolution of 12.5 m.

Distance from rivers: When spatially analyzing endangered zones, it is necessary
to include the hydrological factor. Due to higher humidity and lower air temperature,
locations directly close to rivers are less vulnerable than those much further from river
flows [76]. Within the study area, the distance ranges from 0 to 1826 m. River data
were obtained by digitizing all rivers and streams in GIS software using the Open Street
Map (2024) platform [75]. The entire content was converted to a raster with a resolution
of 12.5 m.

2.3. Methodology
2.3.1. Erosion Potential Model (EPM)

Recent years have seen a growing number of studies around the world using the EPM
to assess soil erosion risk on various scales [77–79], from large spatial units [19,80,81] to
smaller areas [82–84], such as municipalities and settlements [29,38,85]. However, most
studies focus on river basins as the primary spatial unit for analysis [4,86,87]. The erosion
coefficient (Z) is calculated as follows:

Z = Y·X·
(
φ+

√
I
)

, (2)

where Y—coefficient of soil resistance, X—soil protection coefficient, φ—erosion and
stream network development coefficient, and I—average slope (%). According to the
research objectives set in this paper, the intensity of erosion will be considered using the Z
coefficient [18].

The EPM uses a scoring approach for variables to calculate the coefficient of erosion
(Table 1): the coefficient of soil resistance–lithology (Y), the coefficient of soil protection–
land use (X), the coefficient of the type and extent of erosion–bare-soil index (ϕ), and the
terrain slope (I).

Each sub-indicator has its own score. Values of 0 indicate very weak erosion, while
the highest values indicate intensive and excessive erosion.

From a lithological point of view, scree, deluvium, and alluvial sediments (grade 2)
were distinguished and given the highest rating because they represent unbound sediments
that are very susceptible to erosion due to weak cohesion between particles of unbound
sedimentary rocks.

Regarding land use, the highest rating was given to bare soil (1) and agricultural areas
(0.85) due to the significantly disturbed surface and pedological layer. In such conditions,
the soil is weakly bound to the geological base and susceptible to more intensive leaching.

The bare-soil index was obtained by processing satellite images and indicates the
degree of soil bareness. In this case, the highest values (1.21) indicate a completely bare
pedological cover that is extremely vulnerable to excessive erosion.

The slope of the terrain determines the rate of runoff of eroded soil. As the slope of
the terrain increases, the rate and erosive potential of runoff increase [88,89]. The average
terrain slope is obtained from the 25 m digital elevation model (DEM) as a percentage
expressed in decimal notations. The highest values (5.96%) indicate the steepest terrain in
the Šar Mountains.
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Table 1. Evaluation of EPM criteria.

Criteria Parameter Grade Area (km2) Share in Total
Area (%)

Lithology

Diabase–chert formation 0.25 134.94 13.86
Scree 2 1.74 0.18

Deluvium 2 26.01 2.67
Igneous rocks 0.2 60.91 6.26

Fluvio-glacial sediments 1.8 29.94 3.07
Mesozoic clastic sediments 1.8 1.79 0.18

Proluvium 1.9 30.35 3.12
Alluvial sediments 2 16.02 1.65
Metamorphic rocks 0.9 465.23 47.78

Ultramafic 0.35 25.39 2.61
Mesozoic carbonate sediments 0.35 125.11 12.85

Pleistocene lacustrine sediments 1.9 3.00 0.31
Moraine deposits 1.8 49.95 5.13

Tertiary clastic sediments 0.9 1.93 0.20
Flysch 0.9 0.54 0.05

Thick rock debris 0.2 0.87 0.09

Land use

Water surface 0 0.03 0.003
Forests 0.25 431.78 44.34

Agricultural areas 0.85 18.09 1.86
Built area 0.05 36.23 3.72

Bare ground 1 0.06 0.006
Snow 0.3 0.02 0.002

Rangeland 0.3 487.51 50.07

Bare-soil index (BSI + 1) From 0.67 to 1.21 Overall 100%

Terrain slope Decimal slope From 0 to 5.96 Overall 100%

2.3.2. Wildfire Susceptibility Index (WSI)

Based on a review and analysis of previous studies on wildfires, a new index—the
wildfire susceptibility index (WSI)—was developed, incorporating all necessary criteria
that can be obtained from open data. A team of experts in environmental science, forest
management, climate change, and hydrology identified nine criteria: land use, terrain slope,
aspect, wind, precipitation, air temperature, distance from rivers, distance from roads and
forest trails, and distance from settlements. Equal importance or a weighting coefficient
was assigned to each criterion.

The WSI is calculated using the following formula:

WSI =
TS + A + LU + AT + P + WE + DS + DFR + DR

9
, (3)

where TS—terrain slope; A—aspect; LU—land use; AT—air temperature; P—precipitation;
WE—wind exposure; DS—distance from settlements; DFR—distance from roads and forest
trails; and DR—distance from rivers.

Each criterion can have values from 0 to 1. A value of 0 indicates the impossibility of
fire occurrence, while a value of 1 indicates a very high degree of wildfire hazard (Table 2).

A hazard map is obtained by overlapping and multiplying all values within the criteria,
where the final score interval varies from 0 to 1. To qualitatively determine the degree of
vulnerability, the values in the synthesized map are reclassified into five classes: very low
(0–0.4), low (0.4–0.55), medium (0.55–0.7), high (0.7–0.8), and very high (0.8–1) susceptibility.
These thresholds were assigned based on field research in susceptible areas and visual
analysis of the results obtained through GIS software. All forest fires are classified as
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wildfires, so the WSI is applicable to forest ecosystems, meadows, pastures, and other types
of low vegetation.

Table 2. Evaluation of WSI criteria.

Criteria Parameter Grade Area (km2)
Share in Total

Area (%)

Terrain slope (◦)

0–4 0.2 40.39 4.14
4–8 0.4 67.75 6.95
8–12 0.6 111.67 11.46

12–16 0.8 155.83 15.99
>16 1 599.05 61.46

Aspect

Unexposed 0.9 3.28 0.34
North 0.1 163.47 16.79

Northeast 0.2 133.98 13.76
East 0.4 90.27 9.27

Southeast 0.8 74.59 7.66
South 1 90.21 9.26

Southwest 0.9 113.26 11.63
West 0.5 140.31 14.41

Northwest 0.3 164.36 16.88

Land use

Water surface 0 0.03 0.003
Forests 1 431.78 44.34

Agricultural
areas 0.6 18.09 1.86

Built area 0.2 36.23 3.72
Bare ground 0.1 0.06 0.006

Snow 0 0.02 0.002
Rangeland 0.9 487.51 50.07

Air temperature (◦C)

<2.34 0.2 50.71 5.21
2.34–4.68 0.4 222.30 22.83

4.68–7 0.6 295.21 30.32
7–9.36 0.8 310.40 31.88
>9.36 1 95.02 9.76

Precipitation (mm)

<934 1 48.21 4.95
934–1060 0.8 222.06 22.81
1060–1186 0.6 300.22 30.83
1186–1312 0.4 308.97 31.73

>1312 0.2 94.18 9.67

Wind exposure Windward 0.5 583.03 59.88
Leeward 1 390.62 40.12

Distance from
settlements (m)

0–50 1 38.52 3.96
50–150 0.8 50.88 5.23

150–300 0.6 69.44 7.13
300–500 0.4 90.34 9.28

>500 0.2 724.54 74.41

Distance from roads and
forest trails (m)

0–100 1 203.06 20.85
100–300 0.8 254.67 26.15
300–500 0.6 168.15 17.27
500–700 0.4 115.67 11.88

>700 0.2 232.18 23.84

Distance from
rivers (m)

0–50 0.2 156.26 16.05
50–200 0.4 362.58 37.24

200–350 0.6 226.54 23.27
350–500 0.8 119.05 12.23

>500 1 109.30 11.22

With increasing terrain slope, wildfires are more likely due to drier vegetation on
steep slopes and lower soil moisture. Due to the intense solar radiation on southern
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exposures, vegetation is significantly warmer and drier than that of other flora in other
exposures. From the perspective of land use, forests are highly susceptible to fires due
to dense vegetation that ignites easily. Higher air temperatures, lower precipitation, and
leeward sides represent important climatic determinants under which vegetation becomes
drier and more susceptible to fire. A smaller distance of the area from roads and settlements
indicates greater anthropogenic activities, thus increasing the risk of fires caused by human
activity. From a hydrological perspective, the humidity of territories far from rivers is much
lower, so these terrains are drier and more susceptible to fires.

The WSI was developed using easily available data and a simple formula. The wildfire
inventory obtained from the VIIRS (Visible Infrared Imaging Radiometer Suite) satellite
instrument validated the final data. The VIIRS processes visible and infrared images and
makes global observations of land, water, and the atmosphere. The data’s spatial resolution
is 375 m. The satellite data were downloaded from NASA’s FIRMS (Fire Information for
Resource Management System) platform [90].

All procedures and approaches employed in this research are outlined in the flow
chart provided in Figure 6.
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3. Results
3.1. Spatial Analysis of Erosion Intensity and Wildfire Susceptibility

By processing thematic maps in a GIS environment, synthetic maps of soil erosion
and wildfire vulnerability were generated. The results of the EPM model indicated that
the average erosion coefficient in 2024 was Z = 0.355, classifying the study area as having
weak erosion—category IV (Z = 0.21–0.40). According to Table 3, 374.57 km2 (38.49%) of
the study area was classified as exhibiting very weak erosion. Over one-third of the total
area (35.65%) was affected by weak erosion. The results also show that 149.81 km2 (15.40%)
was classified as medium erosion. Finally, intensive erosion covered 80.61 km2 (8.28%),
while excessive erosion affected 21.16 km2 (2.17%).
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Table 3. Susceptibility of the terrain to soil erosion and wildfires.

Erosion
Intensity Area (km2) Share of Total

Area (%)
Wildfire

Susceptibility Area (km2) Share of Total
Area (%)

Very weak 374.57 38.49 Very low 1.82 0.19
Weak 346.93 35.65 Low 204.89 21.06

Medium 149.81 15.40 Medium 558.65 57.41
Intensive 80.61 8.28 High 165.17 16.97
Excessive 21.16 2.17 Very high 42.53 4.37

Intensive and excessive erosion occurs in agricultural areas, bare ground, and areas
with specific geological substrates (scree, deluvium, alluvial sediments). Bare soils on
slopes are characterized by intense erosion, and the geological substrates include scree,
deluvium, Mesozoic clastic sediments, proluvium, alluvial sediments, moraine deposits,
and Tertiary clastic sediments.

The excessive type of erosion is spatially represented in the northern (edge of the
Prizren Valley) and eastern parts (Sirinić Valley) of the study area (Figure 7). In these loca-
tions, arable land is represented at a certain slope, and proluvium and alluvial sediments
dominate the geological substrate. In high-altitude areas, excessive erosion is represented
by scree slopes under steep terrain. Settlements that are partially or wholly susceptible
to intense or excessive erosion are Koriša, Grejkovce, Selogražde, Bogosovce, agricultural
plots in the vicinity of the settlements of Berevece, Gotovuša, Drajkovce, Firaja, Koštanjevo,
Dragaš, Brod, Restelica, Vranište, the Brezovica ski center, and the slopes above the settle-
ment of Prevalac. It is necessary to establish specific protection measures at these locations.
Contour tillage, terracing slopes, and the construction of anti-erosion belts should be con-
sidered for agricultural plots threatened by erosion [82]. In mountainous areas, intensive
and excessive types of erosion should be mitigated through biological (afforestation) and
technical (construction of transverse structures) means [91].

Forests 2025, 16, 484 14 of 27 
 

 

belts should be considered for agricultural plots threatened by erosion [82]. In mountain-
ous areas, intensive and excessive types of erosion should be mitigated through biological 
(afforestation) and technical (construction of transverse structures) means [91]. 

 

Figure 7. Map of erosion intensity (Z) in the Šar Mountains. Legend: very weak erosion—category 
V (Z = 0.01–0.20); weak erosion—category IV (Z = 0.21–0.40); medium erosion—category III (Z = 
0.41–0.70); intensive erosion—category II (Z = 0.71–1.00); excessive erosion—category I (Z > 1.01). 

Table 3. Susceptibility of the terrain to soil erosion and wildfires. 

Erosion Inten-
sity Area (km2) Share of Total 

Area (%) 
Wildfire  

Susceptibility Area (km2) Share of Total 
Area (%) 

Very weak 374.57 38.49 Very low 1.82 0.19 
Weak 346.93 35.65 Low 204.89 21.06 

Medium 149.81 15.40 Medium 558.65 57.41 
Intensive 80.61 8.28 High 165.17 16.97 
Excessive 21.16 2.17 Very high 42.53 4.37 

The susceptibility to wildfires is generally higher near settlements. A very low degree 
is represented in only 0.19% of the area, and these are mountainous terrains facing north, 
with higher precipitation and very low air temperatures. About a fifth of the total territory 
(21%) exhibits a low level of vulnerability, which is also predominantly covered by moun-
tainous, windward areas with low vegetation and greater distance from settlements and 
roads. The largest share of the area (57.41%) belongs to the medium class, which is char-
acteristic of terrains between mountain peaks and valley bottoms. High (16.97%) and very 
high (4.37%) vulnerability dominates on leeward terrains exposed to the south, where 
higher air temperatures and lower precipitation occur (Figure 8). 

Figure 7. Map of erosion intensity (Z) in the Šar Mountains. Legend: very weak erosion—category
V (Z = 0.01–0.20); weak erosion—category IV (Z = 0.21–0.40); medium erosion—category III
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The susceptibility to wildfires is generally higher near settlements. A very low degree
is represented in only 0.19% of the area, and these are mountainous terrains facing north,
with higher precipitation and very low air temperatures. About a fifth of the total terri-
tory (21%) exhibits a low level of vulnerability, which is also predominantly covered by
mountainous, windward areas with low vegetation and greater distance from settlements
and roads. The largest share of the area (57.41%) belongs to the medium class, which is
characteristic of terrains between mountain peaks and valley bottoms. High (16.97%) and
very high (4.37%) vulnerability dominates on leeward terrains exposed to the south, where
higher air temperatures and lower precipitation occur (Figure 8).
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These locations are also characterized by dense vegetation (forests) and relatively
steep slopes and are near roads and settlements. When the results are compared with field
research, it can be concluded that WSI is a very accurate and reliable method. In 2024, three
wildfires occurred in the settlements of Drajkovce, Gornja Bitinja, and Prevalac. When these
locations are overlapped with the synthesis map, they completely belong to the fourth and
fifth categories (high and very high susceptibility).

Settlements that are partially or completely susceptible to wildfires are Gornje Selo,
Prevalac, Vrbeštica, Brezovica ski center, Sevce, Berevce, Sušiće, Gornja Bitinja, Donja
Bitinja, Viča, Ižance, Slatina, Globočica, Restelica, Zlipotok, Kruševo, Dikance, Bačka,
Orćuša, Krstac, Dragaš, Zrze, Buzec, Kuklibeg, Pousko, Grnčar, Novo Selo, Manastirica,
Gornje Ljubinje, Donje Ljubinje, Nebregošte, Rečane, Sredska, Drajčići, and Bogošovce.
In all settlements belonging to the fourth or fifth class, it is necessary to install forest
fire detection devices [30]. By doing so, emergency management services and protected
area managers will have more time to take all measures to protect the local population
and biodiversity.
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3.2. Determination of Control Indicators–The Impact of Selected Criteria

In order to quantify the degree of dependence between the input parameters and soil
erosion and to determine which of them best determines the soil erosion process in the
study area, the correlation coefficient (r) between erosion intensity (Z) and all parameters
individually was calculated. The first step in this procedure was to divide the study area
using a grid. The basic spatial unit was a 2 km × 2 km square, quantitatively defined by the
average value of each input parameter. The same procedure was applied to ensure wildfire
susceptibility. The results of this mathematical interaction are shown in Figures 9 and 10.
The results generally show a high correlation between the indicators at the significance
level of α = 0.05.
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According to Figure 9, the correlation matrix at the level of statistical significance of
α < 0.0001 for the function Z = f (φ, Y, X, I) showed that almost all input parameters of the
EPM have a significant impact on the intensity of soil erosion. Of the four variables that
determine erosion, the coefficient of soil protection (X) is the primary factor controlling
erosion intensity (r = 0.891). This is in line with the results of other studies [4,86]. The
land use type is determined by φ (r = 0.520) and Y (r = 0.462). The second most important
factor is the type of rock since the function Z = f(Y) is determined by a very high corre-
lation coefficient (r = 0.800). A slightly weaker positive correlation (r = 0.468) is present
in the function Z = f(φ). According to the mathematical interaction between the slope
angle and other parameters, the correlation coefficients for the functions I = f(Z), I = f(φ),
I = f (Y), and I = f (X) are r = −0.457, r = −0.386, r = −0.493, and r = −0.373, respectively.
The negative correlation shows that erosion decreases with an increasing slope angle over
most of this area. This is a direct consequence of the large share of forest cover and pastures
(95%) located at higher altitudes and terrains with higher slope angles. Accordingly, the
parameters X and φ decrease, and the share of erosion-resistant rocks increases. At the
same time, this means that more erodible rocks are positioned on gentler terrain.

According to Figure 10, the correlation matrix for the function WSI = f (TS, A, LU,
AT, P, WE, DS, DFR, DR) showed that air temperature and precipitation exert the greatest
influence on WSI. The law of changes in precipitation and air temperature with altitude
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was also applied in this analysis. This law determined the relationship of these climate
indicators with all other parameters. In this context, an almost identical relationship was
identified between WSI and climate indicators (r = ±0.870). This means that parts of the
study area with higher air temperatures and lower precipitation are more susceptible to
fires. The quantitative analysis further showed that distance from settlements and distance
from roads and forest trails are the next most important factors in the occurrence of fires.
The correlation coefficients for the functions WSI = f(DS) and WSI = f(DFR) are r = 0.708 and
r = 0.608, respectively. Thus, parts of the study area closer to settlements and roads have
a higher fire risk. At the same time, these are gentler terrains with smaller slope angles,
higher air temperatures, and lower precipitation amounts. The relatively high positive
correlation (r = 0.688) between the WSI and WE parameters indicates the importance of
wind in assessing fire risk. High TS values correspond to high LU values (r = 0.709). This
means that a large part of the study area consists of forests and pastures located on steep
terrains. However, regardless of their predisposition to fires, they do not have high WSI
values. In this context, the terrain’s slope and the land use type did not show significant
quantitative agreements with WSI. Similar results were obtained for aspect.
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4. Discussion
The spatial analysis of the vulnerability of the Šar Mountains National Park to soil

erosion and fires has shown that there is no clear correlation between these two hazards
(Figures 7 and 8). This is because this study identified the terrain’s predisposition for the
occurrence of both soil erosion and fires. Thus, areas with a higher risk of fire tend to have a
lower potential for intense soil erosion. However, research has shown that post-fire erosion
can mobilize large amounts of sediment [92], even with moderate rainfall [93]. Specific
changes in the soil and ecosystems after a fire can lead to varying hydrological and erosion
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responses. In the first years after a fire, soil loss can be significant, and erosion can be intense,
especially on slopes. The loss of organic matter reduces soil infiltration, increases surface
runoff, alters soil texture and structure, and affects the stability of soil aggregates. Also,
slower vegetation recovery can prolong the erosion and runoff process [94]. The impact
of wildfire on the landscape usually lasts for about 3 to 4 years, although some effects
can persist for as long as 30 years [92]. In recent years, in certain parts of the world, the
increasing frequency of fires has led to the highest values of sediment mass and sediment
yield [93]. Šar Mountains National Park is characterized by a specific morphometry (large
slope angles and high altitude), a high amount of precipitation, and shallow mountain soils.
A scarcity of vegetation or complete absence of vegetation after a fire in this area would
lead to the occurrence of more intense erosion.

In the context of soil erosion quantification in Serbia, research has shown that even
within protected natural areas, surfaces affected by soil erosion can be identified. Despite
numerous differences in results, a common feature of all protected areas in Serbia is the
small percentage or complete absence of excessive erosion and a large share of areas affected
by weak or very weak erosion. This also applies to Šar Mountains National Park.

An analysis of the vulnerability of Fruška Gora National Park to natural hazards
showed that 45% of its territory is at risk. The category of intense soil erosion affected
4% of the area, while medium erosion was present in 13% of the area. According to the
results of the same research, 8% of the total area of Ðerdap National Park was threatened
by natural hazards. About 2.5% of the territory was threatened by intense erosion, and 0.2%
of the territory was threatened by moderate erosion [28]. Therefore, these results confirm
that Šar Mountains National Park is similar to Fruška Gora National Park, particularly in
the percentage of medium erosion categories. This erosion category is much smaller in
Ðerdap National Park. On the other hand, a common characteristic of protected natural
areas is their rich forest vegetation. Moreover, protected natural areas are mostly located in
border regions, which have specific demographic conditions [63]. This explains the large
percentage of weak and very weak erosion categories. In the context of the dynamics of the
erosive process, the latest studies show that in 2018, parts of the Landscape of Exceptional
Qualities Vlasina were not threatened by stronger categories of erosion, and the intensity of
erosive processes had a continuous downward trend [63]. The erosion potential model was
used for a comparative assessment of the state of soil erosion across 11 mountain basins
in central Serbia for the period of 1971–2010 [95]. Watershed characteristics were divided
into five classes, and within each class, 22 variables were calculated: 2 variables related
to erosion, 1 to topography, 2 to land cover, 7 to demographics, and 10 agrarian variables.
The final results show a decreasing tendency in the intensity of erosion processes in the
studied basins.

The protection of natural resources in Serbia does not necessarily mean the absence of
anthropogenic activities in these areas. The main dangers to the natural environment are
deforestation, soil erosion, illegal and unplanned construction, improper waste disposal,
and various forms of pollution, including air, water, and noise [27,96]. Considering the
natural predisposition (geological, morphometric, climatic, hydrological) of these areas to
various types of hazards, it is not surprising that the protected areas of Serbia show varying
levels of vulnerability. A negative example of environmental impact is the construction of a
ski resort in Park Nature Stara Planina. The most severe forms of terrain degradation were
recorded near Babin Zub. The destruction of native beech forests and meadows led to the
creation of anthropogenic bare land, which became the dominant surface in the upper part
of the Zubska River watershed. Intensive erosion processes resulted in the formation of
furrows and gullies, some reaching depths of up to 3.5 m [97]. This research has shown
that there are no such extreme cases in Šar Mountains National Park. Over the past few
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decades, Kopaonik National Park has been significantly affected by human activities. What
was once primarily a naturally protected area has, over time, transformed into the largest
ski resort in Serbia. Studies on soil erosion and runoff have revealed that in some parts of
the park, agricultural stagnation and population trends have helped to lessen tourism’s
negative effects [27]. Parts of Zlatibor Nature Park (Poblačnica, Jablanica, and Crni Rzav
watersheds) had a similar or even higher intensity of the erosive process (coefficient Z)
compared to that in 1990 due to increases in the rural population and agricultural areas [83].

Spatial–temporal patterns of soil erosion intensity in Serbia are most commonly iden-
tified using the EPM. However, the study of fire risk in recent years has a much broader
methodological framework. This methodological framework includes two directions for
the study of fire phenomena. The identification of the degree of danger (spatial patterns of
fire occurrence) is one of them.

Of the similar methods for wildfire prediction, the RC index has been developed
in Turkey to model wildfires. Erten et al. (2004) used five natural and anthropogenic
conditions in their analysis: vegetation, terrain slope, aspect, distance from roads, and
distance from settlements [39]. Vegetation was given the highest importance (value 7),
while distance from roads and distance from settlements were the least important factors
(value 3). In the territory of the Svrljiški Timok Basin, Ćurić et al. [52] used GIS, available
data, and the RC index to obtain a map of wildfire vulnerability. A very high level of
endangerment was found for 20.81% of the basin area, while 35.73% was highly vulnerable.
For the spatial analysis of threat for Golija Nature Park, Novkovic et al. [30] used fuzzy logic,
AHP, and the RC index. Very high and high sensitivity zones were recorded over 26.85%
of the protected area (according to the RC method). At the same time, the fuzzy AHP
approach indicated that 25.75% of the area belonged to the same categories. In recent years,
machine learning has become one of the most widely applied approaches for assessing
wildfire risk in Serbia. Milanović et al. [45] used two machine learning models—logistic
regression (LR) and random forest (RF)—to analyze the territory of eastern Serbia. Their
findings revealed that zones with very high fire potential accounted for 19.7% of forest areas
using the LR model and 18.9% using the RF model. In this case, the RF model demonstrated
better predictive power than LR. Gigović et al. [43] employed ensemble learning, support
vector machine (SVM), and RF methods with Bayesian averaging for the Tara National Park
area. Their results indicated that the Bayesian average ensemble model delivered the best
performance. A study focused on the eastern part of the Šar Mountains, specifically the
Sirinić Valley, was conducted by Durlević et al. [29]. They used GIS, remote sensing, and the
RC index to assess wildfire susceptibility, revealing that 8.5% of the Sirinić Valley (Štrpce
municipality) is very highly susceptible, while 52.4% is highly susceptible to wildfires.
Based on these results, Šar Mountains National Park is very similar to Golija Nature Park.
Specifically, the category of very high and high fire sensitivity is present in 22% of the
study area.

Another direction in the study of fires in Serbia is the study of their dynamics and
frequency (number of fires, seasonality, length of fire seasons, influence of climatic condi-
tions on the occurrence of fires, etc.). Živanović et al. [32] investigated the susceptibility of
national parks to wildfires in Central Serbia. The results were obtained by applying climate
indices (forest aridity index, De Martonne aridity index, and Lang’s rain factor) based on air
temperature and precipitation for the period of 2005–2021. Spatially, the most frequent fires
were within the Tara and Djerdap national parks. The analysis of the temporal dynamics
of fires showed that the fire risk was greatest during September and August. Živanović
and Tošić [98] studied the susceptibility of Ðerdap National Park to forest fires based on
three indices (Angstrom index, Nesterov index, and the deficit and surplus of precipitation
method) and climatological data from the meteorological station in Veliko Gradište for
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two time series: 1961–1990 and 1991–2017. The results indicate that the frequency of fires
increased in the second climatic period and that June, July, and August were the months
with the highest risk of fire occurrence. The Angstrom index and Nesterov index were also
used to analyze Tara National Park’s vulnerability to wildfires. Lukić et al. [3] investigated
causality in the occurrence and frequency of wildfires during the summer days of August
and September. The two indices were found to be highly correlated (−0.97), which was
expected given that the same meteorological parameters were used in their calculations.

Hence, all of the research papers referenced above emphasize the critical need
for implementing integrated methods to monitor and assess areas vulnerable to hydro-
meteorological hazards in this region of Southeastern Europe. Given the increasing fre-
quency and severity of such hazards, a comprehensive approach that combines various
techniques is essential for accurately identifying high-risk areas, enhancing early warning
systems, and developing effective mitigation strategies for risk reduction.

For the adequate protection and planning of the future state of biodiversity, geodiver-
sity, and landscape diversity, it is very important to identify the current state of protected
assets. This can be achieved through the creation of multi-hazard maps, which are a crucial
initial step in preventing and reducing natural hazards in areas prone to risk [28].

The WSI incorporates nine natural and anthropogenic conditions for which data are
readily available in many parts of the world. The wildfire inventory with 365 samples
from 2015 to 2024 was used to validate the results (Figure 11). The ROC-AUC method
determined a predictive power of 0.71. Although the predictive power is moderate, some
differences exist between the wildfire inventory and the WSI methodology. The inventory
shows that the majority of fires originate naturally, while the WSI was developed to identify
vulnerable areas and potential fires caused by anthropogenic activities. Anthropogenically
induced fires have a more destructive environmental impact (residential buildings, roads,
industrial complexes, agricultural plots).
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This is the first study to examine the effectiveness of the WSI, but more comprehensive
validation of the method requires larger-scale implementation in different climatological
regions. As a limitation, the method does not include individual climate parameters (air
humidity, wind speed, and direction) that also influence the spatial distribution of wildfires.
However, data for these criteria are often micro-localized, not publicly available, and
therefore omitted from the WSI. Also, the WSI was developed to model wildfires caused by
anthropogenic activity, while the spatial distribution of naturally caused wildfires requires
a combination of multiple methodological approaches.
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In forest ecosystem management, it is necessary to integrate GIS and remote sensing
methods to ensure adequate forest monitoring, determine the intensity of soil erosion
susceptibility, and assess the possibility of wildfires [99–120].

5. Conclusions
Soil erosion is a natural process that causes significant forest ecological and economic

consequences on the Balkan Peninsula. Wildfires significantly exacerbate this process by
removing protective vegetation and increasing soil vulnerability to runoff and sediment
loss, linking these two hazards as a critical environmental challenge. At the global level, an
increase in erosion intensity is expected due to the increase in the global population, climate
extremes, and transformations in land use. In Serbia, the frequency of precipitation has
generally increased, so the hydrological cycle has an increasing impact on erosion intensity.
In the Šar Mountains, 8.28% of the territory is vulnerable to intense erosion, while excessive
erosion is present in 2.17%. These erosion patterns are often amplified in areas recently
affected by wildfires, underscoring their interconnected dynamics. The factors that affect
the degree of erosion in high mountain areas are mainly physical–geographic. In contrast,
agro-geographical factors (roads and land reclamation systems) prevail in settlements and
their immediate vicinity. For this reason, it is necessary to implement various erosion
protection and mitigation measures depending on the factors that affect erosion intensity
and to address the compounding effects of wildfire occurrence.

Zoning areas at risk of forest fires is a crucial first step in implementing preventive
measures against wildfires. The vulnerability map provides detailed information on the
locations most likely to experience wildfires, and it can be used to optimize the placement
of early wildfire detection systems. Special attention is given to protected natural areas due
to their biodiversity and increased vulnerability.

Šar Mountains National Park, one of the most significant protected natural areas on
the Balkan Peninsula, stands out for its size, biodiversity, and geodiversity. This study
developed a wildfire susceptibility index (WSI) to assess the spatial distribution of wildfires.
The results of the WSI reveal that 21.3% of the Šar Mountains are highly or very highly
susceptible to wildfires. By integrating the EPM with the WSI, this research provides a
pioneering dual-hazard assessment framework that concurrently quantifies soil erosion
and wildfire susceptibility, offering a comprehensive tool for managing environmental risks
in previously unstudied mountainous regions. These findings are essential for effective
wildfire risk management, forest management planning, silvicultural practices, ongoing
condition monitoring, and the development of early warning systems. This integrated
approach emphasizes how wildfire-induced erosion can be predicted and mitigated, en-
hancing the resilience of fire-prone landscapes. Furthermore, future efforts could leverage
this integrated approach to develop a regional predictive model, incorporating real-time
climate data and community-based monitoring to enhance proactive hazard mitigation
across the Balkan Peninsula. Additionally, the number of wildfires can be reduced through
the active involvement of the local community in programs and initiatives informed by a
deeper understanding of wildfire dynamics and their role in driving soil erosion.
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33. Li, J.; Shan, Y.; Yin, S.; Wang, M.; Sun, L.; Wang, D. Nonparametric Multivariate Analysis of Variance for Affecting Factors on the

Extent of Wildfire Damage in Jilin Province, China. J. For. Res. 2019, 30, 2185–2197. [CrossRef]
34. Zema, D.A.; Nunes, J.P.; Lucas-Borja, M.E. Improvement of Seasonal Runoff and Soil Loss Predictions by the MMF (Morgan-

Morgan-Finney) Model after Wildfire and Soil Treatment in Mediterranean Forest Ecosystems. Catena 2020, 188, 104415. [CrossRef]
35. Das, J.; Mahato, S.; Joshi, P.K.; Liou, Y.-A. Forest Fire Susceptibility Zonation in Eastern India Using Statistical and Weighted

Modelling Approaches. Remote Sens. 2023, 15, 1340. [CrossRef]
36. Bjånes, A.; Fuente, L.D.R.; Mena, P. A Deep Learning Ensemble Model for Wildfire Susceptibility Mapping. Ecol. Inform. 2021,

65, 101397. [CrossRef]
37. Bahadori, N.; Razavi-Termeh, S.V.; Sadeghi-Niaraki, A.; Al-Kindi, K.M.; Abuhmed, T.; Nazeri, B.; Choi, S.-M. Wildfire Susceptibil-

ity Mapping Using Deep Learning Algorithms in Two Satellite Imagery Datasets. Forests 2023, 14, 1325. [CrossRef]
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52. Ćurić, V.; Durlević, U.; Ristić, N.; Novković, I.; Čegar, N. GIS Application in Analysis of Threat of Forest Fires and Landslides in
the Svrljiški Timok Basin (Serbia). Bull. Serbian Geograph. Soc. 2022, 102, 107–130. [CrossRef]
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Universal Snow Avalanche Modeling Index Based on SAFI–Flow-R Approach in Poorly-Gauged Regions. ISPRS Int. J. Geo-Inf.
2024, 13, 315. [CrossRef]
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98. Živanović, S.; Tošić, I. Influence of Climatic Conditions on Fire Risk in Djerdap National Park (Serbia): A Case Study of September
2011. Therm. Sci. 2020, 24, 2845–2855. [CrossRef]
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109. Milenković, M.; Ducić, V.; Obradović, D.; Dedić, A.; Burić, D. Climatic and Anthropogenic Impacts on Forest Fires in Conditions
of Extreme Fire Danger on Sandy Soils. J. Geogr. Inst. “Jovan Cvijić” SASA 2023, 73, 155–168. [CrossRef]
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of the Malčanska River Basin, Eastern Serbia. Environ. Res. 2023, 235, 116679. [CrossRef] [PubMed]
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